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ABSTRACT
Navigation applications are becoming ubiquitous in our daily
navigation experiences. With the intention to circumnavi-
gate congested roads, their route guidance always follows the
basic assumption that drivers always want the fastest route.
However, it is unclear how their recommendations are fol-
lowed and what factors affect their adoption. We present the
results of a semi-structured qualitative study with 17 drivers,
mostly from the Philippines and Japan. We recorded their
daily commutes and occasional trips, and inquired into their
navigation practices, route choices and on-the-fly decision-
making. We found that while drivers choose a recommended
route in urgent situations, many still preferred to follow
familiar routes. Drivers deviated because of a recommenda-
tion’s use of unfamiliar roads, lack of local context, perceived
driving unsuitability, and inconsistencies with realized navi-
gation experiences. Our findings and implications emphasize
their personalization needs, and how the right amount of
algorithmic sophistication can encourage behavioral adapta-
tion.
CCS CONCEPTS
•Human-centered computing→Human computer in-
teraction (HCI); Empirical studies in HCI .
KEYWORDS
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1 INTRODUCTION
Advanced driver-assistance systems (ADAS) have become
ubiquitous in modern vehicles because of the recent develop-
ments in communication and sensor technologies. They are
primarily developed to improve driving performance, and
car and road safety by providing automation and adaptive
capabilities to vehicle systems. One of the most widely used
tool for driver assistance are automotive navigation systems,
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which were initially designed to provide digital maps, route
guidance for the shortest path to a destination, and traffic
incident information [27]. As more private vehicles occupied
our roads and more cities are being designed to accommo-
date and regulate their widespread use, modern automotive
navigation systems now also provide information on the
cheapest and fastest routes, and traffic condition.
Today, more than half of the world’s population call cities
their home due to urbanization and a rising middle class
[42]. As we see a consequential increase in car ownership,
our efforts in promoting and ensuring sustainable cities are
at stake. With dense urban districts and complex road in-
frastructures, persistent traffic congestion poses a negative
effect on our productivity, health, environment, and social
equity [26]. The worsening traffic conditions have compelled
drivers to circumnavigate congested roads and several solu-
tions have been introduced to address this growing problem.
Intuitively, cities invest heavily on improving and increas-
ing road network capacity; but adding more links between
origin-destination pairs was proven to be counterintuitive
and may cause longer travel times [3, 9].
Another approach was to efficiently manage traffic flow on
existing road infrastructures by connecting current fleets to
Intelligent Transportation Systems (ITS). Cities have already
invested heavily on ITS infrastructure such as toll gantries,
adaptive traffic signals, variable-message signs, and traffic
detection systems, among others – all aimed to regulate road
use, to capture and provide situational information to drivers,
and to redirect them from congested routes. At the same time,
in-car navigation and other advanced driver-assistance sys-
tems are continually becoming more context-aware – com-
municating with other vehicles, the ITS infrastructure, and
other smart devices, as well as detecting its immediate envi-
ronment [4, 5, 28]. However in some cases, in-car navigation
systems are barely used and noticed [19], are becoming too
complex to operate [20], are not always updated with the
latest maps, and sometimes without access to real-time traf-
fic information, which directly impacts their adoption and
forcing drivers to find other options.
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In the absence and or shortcomings of in-car navigation
systems on some vehicle models, smartphone navigation
applications such as Waze and Google Maps, have become
a preferred alternative for drivers who experience traffic
congestion on a daily basis. In the App Annie Rankings [1],
Google Maps has consistently been the top choice since its
introduction of GPS turn-by-turn navigation in 2008. Mean-
while, Waze reported in 2016 that they are already being used
in 185 countries bymore than 65millionmonthly active users
[46]. Other popular navigation applications include HERE
WeGo, MapQuest and Bing Maps, but in other countries like
Japan, Navitime has been a long time favorite. These navi-
gation applications are free to use and has the latest maps.
With the improved sensors in smartphones, these naviga-
tion applications started using floating car data from online
users to estimate traffic conditions and uses that to suggest
optimal driving routes. Maximizing connected drivers, Waze
crowd-sources traffic and accident reports, and advisories
of police presence, speed traps, and road closures to supple-
ment its turn-by-turn navigation [23, 43], setting it apart
from traditional navigation systems while supporting the
notion of navigation as a social activity among drivers and
navigators [16]. At its core, modern in-car navigation sys-
tems and navigation applications are routing services, but
they are also considered recommender systems because of
their sophisticated recommendation engines that use actual
and or average road speeds for calculating fastest routes,
and learn new routes to suggest to other drivers [2]. These
information on existing road infrastructure and driving be-
havior have inspired governments to consider their use in
influencing future mobility patterns [7, 8].
Our work makes an inquiry into the practices of connected
drivers – those who augment their driving with in-car naviga-
tion systems and or mobile applications, and are always con-
nected to the Internet. We also sought to understand the hu-
man factors behind their (non-)use of and (non-)compliance
with recommended optimal routes. In a semi-structured qual-
itative study with 17 connected drivers, we recorded their
commute and non-commute trips and found that connected
drivers mostly do not use and follow recommended routes
on daily commute trips, but still leave it on for the duration
of the trip. In this paper, we:
(1) Illustrate how connected drivers integrate navigation
systems and applications into their daily commute and
non-commute trips;
(2) Describe if, when and where deviations from the rec-
ommended routes happened, as well as the reasons
why certain navigating decisions were made;
(3) Discuss design implications for supporting the naviga-
tion needs of a connected driver ; and
(4) Reflect on how we can design better navigation expe-
riences to support behavioral adaptation.
2 RELATEDWORK
Interacting with Recommender Systems
With the incredible amount of data from digital and social
media, and those from connected devices and sensors in the
Internet of Things, recommender systems have been a boon
to digital natives in making sense of and discovering new
information. This popularity has gained significant attention
to its evaluation in HCI, especially for a more user-centric
approach. Knijnenberg et. al. [22] evaluated collaborative
filtering recommender systems and found that increased
usage is strongly correlated to a positive personalized ex-
perience, but their perceptions, experiences and behaviors
change over time. These are also influenced by personal
and situational characteristics such as age, gender and do-
main knowledge. Additionally, they found that when users
perceive a recommendation set as more diverse, they see
it as more accurate and less difficult to choose from. This
is echoed by Ekstrand et. al. [14] when they found users
choose a system with more diverse recommendations. They
also emphasized the importance of building trust in the early
use of recommender systems as their results show negative
effects of novelty. Comparing between collaborative, content-
based and hybrid recommender systems, Wu [48] found that
users mostly preferred recommendation sets that use hybrid
filtering. In particular, users see more benefit in recommenda-
tions that match their own behavior history (content-based)
than those that match the history of similar users (collabo-
rative). Moving to a different type of system, Rong and Pu
[18] developed a personality-based recommender system
and found that novice users had an easier time building their
profiles using personality quizzes because it doesn’t need
much domain knowledge. When users were asked to build
profiles for themselves and their friends, they perceived the
recommendation for their friends as more accurate. Much
of these works have focused on user perceptions and behav-
iors towards the main approaches to recommender systems
with a single criterion for matching, and they have demon-
strated user-centric evaluations besides algorithmic accuracy.
However, further analysis is needed for the growing number
of mobile and ubiquitous recommender systems that incor-
porate multi-criteria preferences, probabilistic models, and
temporal, spatial and crowd-sourced information.
With a focus on GPS devices, Dingus et. al. [13] did camera
and instrumented car studies for drivers who use TravTek.
They found that older drivers have a difficult time driving
and navigating, and despite being more careful, they still
made more safety-related errors. Generally, drivers benefited
most when using turn-by-turn guidance with voice, resulting
to less glances to the device and faster travel times. In their
naturalistic field study, most drivers used the GPS device
in their rental cars. Al Mahmud et. al. [25] also found old
drivers having difficulties with in-car GPS. As a result, they
tend to not follow it completely due to reliability concerns
and high amount of instructions. On the other hand, the
younger drivers were found to be too dependent at times.
Lastly, Brown & Laurier’s study [10] documented five prob-
lems that drivers usually encounter with their GPS devices
and considers it a skilled activity. In order for a driver to have
a positive experience and make suitable instructed actions,
other than giving focus on providing very detailed instruc-
tions which can overwhelm and cause more confusion, it
is equally important to support the driver’s interpretation
and analysis of an instruction or new information as they
move and figure out what to do next. Clearly, these works
have shown how driving and navigating performance is af-
fected by the use of early smartphone, dashboard-mounted
and in-car GPS devices. But with a new generation of nav-
igation applications that dynamically adjusts to real-time
and historical contextual information, and provides sets of
crowd-sourced information, further analysis is needed to
see whether there are changes in navigating practice and
decision making, and whether they are associated with the
type of trip, trip context, and road conditions.
Potential for Behavioral Adaptation
Because of the ubiquity, cost-effectiveness, and positive util-
ity of smartphone navigation applications, there is growing
optimism of their potential in improving urban participatory
sensing [38, 39, 49] and in shaping sustainable mobility pat-
terns among driving citizens [7, 8]. There are three categories
of travel information that can affect travel behavior, namely
experiential, descriptive, and prescriptive [8]. Experiential in-
formation are provided as feedbacks or repeated information
from previous experiences, while descriptive information
depict current conditions based on historic or real-time data
such as estimated times of arrival and traffic conditions. Uti-
lizing experiential and descriptive information, prescriptive
information can come as suggestions (e.g. shortest, fastest,
and cheapest routes) and or guidance (e.g. turn-by-turn di-
rections). Nowadays, most modern navigation applications
provide descriptive and prescriptive information as their
main features [37]. In Chorus’s [11] and Ben-Elia’s [8] liter-
ature reviews, they have highlighted the extensive focus of
recent works on the positive effects of experiential and de-
scriptive information to influence the travel behavior of car
drivers. Experiential information has been proven helpful in
adapting to uncertain conditions, while descriptive informa-
tion is particularly valuable in coping with non-correlated
and Black Swan events like road accidents and sudden bad
weather. However, there is still relatively few studies about
the implications of prescriptive information.
Route Choice and Driver’s Compliance
Developers have so far focused on the assumption that dri-
vers would always follow the fastest route to a destination.
For most navigation applications, drivers are provided with a
number of recommended routes based on a criteria and they
can select which one to follow. By default, the fastest route
criteria is set unless customizations are made. In the case
of Waze, it immediately starts the turn-by-turn navigation
and leaves it to the user to check alternative options [23].
However, this doesn’t seem to be the case based on studies
examining GPS track data. Zhu and Levinson [50] noticed
from GPS tracks that drivers do not always choose the short-
est path in their daily commutes. In the follow up work of
Tang et. al. [41], some drivers even take a different route
each day for their commutes. Recognizing that desired driv-
ing experiences have an influence on route choice and vice
versa, Pfleging et. al.’s [33] web survey show that the most
considered factor for drivers is whether it is the fastest route,
but when asked to choose a route from work to home using
a prototype navigation screen, 49.1% chose the fuel-efficient
route. Only 18.4% and 3.5% chose the fastest and shortest
routes, respectively. While these provide rich empirical ev-
idence, it is not clear whether the same prioritization and
decision making holds true in real driving scenarios under
different circumstances.
Relatedly, Fujino et. al. [17] conducted a more recent study
to investigate the phenomena of drivers deviating from the
recommended optimal routes of in-car navigation systems
and where they usually happen. They analyzed GPS tracks
that were collected over 4 years within a 20km2 area in Kyoto,
Japan. They found that drivers have made significant devia-
tions on intersections with poor on-road signages and those
near tourist areas. They also speculated on possible reasons
for the deviations based on the physical characteristics of the
intersections. While these studies already provide empirical
evidence on the surprising route choice and non-compliant
behaviors of drivers, none of them had prior knowledge
whether the observed drivers used prescriptive information
from in-car navigation systems or navigation applications.
In the case of [17, 41, 50], they had no information on the
intended route of the drivers nor do they know if the drivers
were initially following the guidance of the in-car navigation
system used to collect the GPS tracks. Thus, further investi-
gation is warranted to understand why drivers deviated from
the recommended optimal routes and whether they chose a
recommended route in the first place.
In HCI, Brown & Laurier’s study [10] also noted instances
of drivers not following GPS recommendations from their
corpus of naturalistic video data. They argue that GPS use is
Table 1: Participant demographic, socioeconomic and driving profiles.
Driving Monthly Driving
Participant Years Occupation Income (US$) Nationality Domicile Locations
P1 (F, 20 y.o.) 1-5 Student <$500 Filipino Mandaluyong, PHI Philippines
P2 (M, 20 y.o.) 1-5 Student <$500 Filipino Makati, PHI Philippines
P3 (M, 28 y.o.) 1-5 IT Consultant $1,000-$1,500 Filipino Taguig, PHI Philippines
P4 (M, 28 y.o.) 1-5 Software Engineer $1,000-$1,500 Filipino Makati, PHI Philippines
P5 (F, 28 y.o.) 1-5 Supervisor >$2,000 Filipino Winnipeg, CAN Canada; USA
P6 (M, 58 y.o.) >10 Self-Employed $500-$1,000 Filipino Makati, PHI Philippines
P7 (M, 50 y.o.) >10 Professor >$2,000 Japanese Hakodate, JPN Japan
P8 (F, 28 y.o.) 1-5 Nurse <$500 Filipino Makati, PHI Philippines
P9 (F, 28 y.o.) 1-5 Consultant >$2,000 Filipino Makati, PHI Philippines
P10 (F, 28 y.o.) 1-5 Medical Doctor <$500 Filipino Manila, PHI Philippines
P11 (M, 30 y.o.) 5-10 Sales Director $1,500-$2,000 Filipino Quezon City, PHI Philippines
P12 (M, 20 y.o.) 1-5 Student $500-$1,000 Japanese Hakodate, JPN Japan
P13 (M, 20 y.o.) 1-5 Student $500-$1,000 Japanese Hakodate, JPN Japan
P14 (F, 42 y.o.) >10 Pharmacy Assistant $1,500-$2,000 Filipino Hakodate, JPN Japan
P15 (M, 29 y.o.) 1-5 Entrepreneur $500-$1,000 Filipino Makati, PHI Philippines
P16 (M, 22 y.o.) 1-5 IT Specialist $500-$1,000 Filipino Manila, PHI Philippines
P17 (M, 29 y.o.) 5-10 Data Scientist $1,500-$2,000 Filipino Caloocan, PHI Philippines
rather a skilled activity as drivers need competency to over-
come the normal, natural troubles that GPS devices make.
Several of these problems such as complex routes, superflu-
ous instructions, map and sensor inaccuracies, and timing of
instructions, offer a glimpse as to why GPS recommendations
are not followed. Addressing the complex route problem,
Patel et. al. [31] found that drivers prefer simplified route
instructions using familiar landmarks.
As more connected drivers use descriptive and prescriptive
information from navigation applications and more govern-
ment stakeholders seek to use them in managing road net-
works, it is crucial that navigation applications become suc-
cessful in shaping the travel behavior of connected drivers.
Ali et. al. [5] argues that behavioral adaptation is directly
affected by the degree of compliance a driver has with the
information provided by navigation applications. Although
they are referring to connected vehicle technologies, the
same assertion can also be made for navigation applications
because they provide the same kind of information. It is
worth exploring how we can better utilize descriptive in-
formation and present prescriptive information to create
navigation experiences that encourages behavioral adapta-
tion.
3 METHOD
Participants
We recruited 17 driver participants with at least 1 year of
driving experience and is using at least 1 navigation appli-
cation or in-car navigation system through word-of-mouth
and social network sharing (See Table 1). We only recruited
drivers with at least a year of driving experience as they are
likely to be adept in navigation and have acquired prefer-
ences (e.g. on safety, road condition, familiarity), but we did
not recruit participants that involve driving as their main
line of work (i.e. Uber drivers). We also made sure they are
not novice users and currently using a navigation applica-
tion or in-car navigation system as they are likely to have
a considerable amount of experience with the features (e.g.
turn-by-turn navigation, traffic condition, reporting). We
recruited participants from Japan and the Philippines mainly
because of their wide exposure to in-car navigation systems
(in Japan) and navigation applications (in the Philippines).
They also comprise an underrepresented driving population
(Filipinos) in literature who may largely benefit from tech-
nology improvements. We aim to see common behaviors and
factors considered despite the difference in driving culture
and technologies used.
Participants submitted their personal details (i.e. age, sex,
occupation, and monthly income range) and driving back-
ground using a Google Form survey at the beginning. This
allows for an examination of possible motivations for their
commute and non-commute trips. We also asked whether
they use in-car navigation systems and or navigation ap-
plications, and the number of years they have been using
them.
Study Protocol
After answering the pre-collection survey, we conducted a
semi-structured qualitative study [40] by recording trips in a
naturalistic setup. Extending the scope of naturalistic driving
data of Brown and Laurier [10] and Dingus et. al. [13], we fo-
cused on collecting data on the practices of using navigation
applications for 3 trip types along with their trip context.
We also collected data on whether they chose the recom-
mendation or not, and the factors considered. Recordings
were processed and trips were traced to extract instances of
deviations. We then did a post-collection interview and used
the grounded theory method [29, 30] for the survey answers,
video recordings, trip data, in-car conversations and inter-
views to better understand their navigation practices and
reason for route choices, and to uncover their motivations
behind deviations made.
Trip Recordings
Each participant were asked to record at least one instance
of the following types of trips: Home-to-Work, Work-to-
Home, and Home/Work-to-Unknown. The Home-to-Work
andWork-to-Home trips represent their daily commutes. For
the Home/Work-to-Unknown trips, the participants recorded
their occasional trips to a location they do not usually go to
or haven’t been to before.
Inside the participant’s vehicles, we attached a commercial
dual lens dash camera behind the rear-view mirror to record
the changing conditions on the road, and the driver and
passenger/s attention. We wanted to capture how a driver
and/or a navigator (because it can be someone besides the
driver) behaves and what is seen on the road when a devia-
tion happens. The dash camera also recorded the GPS tracks,
speed, and in-car conversations. For P1, P2 and P6, a data col-
lector was riding with them to perform shadowing and asked
questions as needed. The rest of the participants collected by
themselves and were asked to think aloud. Before each trip,
participants noted down their origin, destination, reason for
the trip or the first activity to be done upon arrival (e.g. at-
tend a meeting, attend family gathering, etc.), and whether it
was urgent. We were able to collect 65 trip recordings in to-
tal – 18 work-to-home, 13 home-to-work, and 34 occasional
non-commute trips. Among these, 12 trips did not have any
deviations, leaving only 53 trips for analysis.
App Recordings
To keep track of the application behavior and recommended
routes, participants recorded the screen of their smartphones
with the navigation application open. This allowed us to ob-
serve how the driver and/or navigator used the application
while navigating. It also allows us to track how the applica-
tion behaves after every deviation and how the driver adjusts
to the changes.
Trip Tracing and Processing
After data collection, we viewed the trip and app recordings
and manually traced each trip’s actual route taken and the
first recommended route using Google MyMaps. We then
marked the deviations (if any) made, and the app’s recom-
mended rerouting after each deviation. Trip durations and
total distances of both actual and recommended routes were
computed using the traces on Google MyMaps. We initially
wanted to quantify gaze from the in-car videos but almost
all drivers were using voice guidance. We did not pursue it
but still observed where they paid attention to.
In preparation for the post-collection interviews, we syn-
chronized the dash camera and app recordings, and made
clippings that focused on parts of the trips when deviations
happened. We included 10 seconds of video before and after
each deviation to provide more context.
Post-Collection Interview
In a separate interview after the data collection and process-
ing, we first asked the participants about their daily routines
and their motivations and experiences in using navigation
applications. We then presented their trip traces and syn-
chronized clippings when deviations happened. The inter-
views lasted between 60 to 90 minutes on average, and were
focused on recollecting navigation experiences and examin-
ing the motivations behind choosing a route, the deviations
made(if any), perceptions about the road conditions and rec-
ommended routes, as well as other observations and insights
from the videos.
Data Analysis
Finally, we did an iterative coding and thematic analysis of
the interview answers, in-car conversations and videos. We
did a pilot analysis with 7 participants while the 10 other
participants are still collecting. We achieved saturation after
only a few new codes and themes were generated for the
next 10 participants.
4 FINDINGS
Navigation Practices
First, we want to investigate the applications used by the dri-
vers, the information they sought, and the order by which the
information were used. For this, we looked into the answers
from the pre-collection questionnaire and compared it with
the recordings and answers to the post-collection interview.
We also used trip and app recordings to see associations with
the type and purpose of trip.
Figure 1: The number of participants who accessed certain
types of information before and during their trips.
Applications and systems used. In daily commute trips, Waze
is primarily used when drivers have previous experiences
of traffic congestion along their regular and familiar routes
(H2W=66.7%, W2H=69.2%). They see Waze as an authori-
tative application especially when they have a clear inten-
tion to avoid being late or heavy traffic conditions. Even
though Google Maps also provide turn-by-turn navigation
and live/historical traffic information, drivers still put a lot
of weight on the social aspect of Waze wherein other drivers
can manually report traffic conditions, accidents, and road
closures. Drivers gain a sense of confirmation asWaze shows
manually reported traffic conditions to the ones they derive
from the GPS tracks of connected drivers (P3, P4, P8). Since
the road incident reports can be quite vague, drivers also
acknowledge the usefulness of the public comment feature
that allows other drivers who have passed by that area to
share details about the incident. P6 shares that once when
he was stuck near the tail of a standstill traffic, his passenger
checked the public comments feature helped to get real-time
updates from the drivers near an accident. It helped him
decide whether he should wait longer or start finding other
options.
For short commute trips that doesn’t have many alter-
native routes and doesn’t normally experience significant
traffic congestion, P5 opt to use Google Maps instead. She
expects to see her regular route as the recommended route
by the application and just checks the estimated time of
arrival. Additionally, she shares that because Google Auto
is installed in her vehicle, she prefers to use Google Maps
because she can view the route guidance in a wider screen
compared to her smartphone.
Participants from Japan (P7, P12, P13, P14) were primarily
using in-car navigation systems because of its ubiquity in
most Japanese vehicles. Aside from the provided basic nav-
igation features and digital maps, they are also connected
to the local intelligent transportation systems. P13 shared
that in one of his previous trips, his in-car navigation system
provided a traffic advisory because of an accident in the na-
tional highway. It guided him to leave the national highway
using the nearest exit.
In places where the drivers in Japan (P7, P12, P13, P14)
drove in, they did not experience any heavy traffic thus, they
were not so compelled to download and use another navi-
gation application. However in one of P14’s recorded trips,
she used and followed Waze when her in-car navigation sys-
tem started giving incorrect directions. She was noticeably
surprised when the in-car navigation system guided her to a
direction that’s opposite from the destination. She still made
the turn as guided by the system but she had already asked
one of the passengers to look for the next turn. The passen-
ger then used Waze. P12 particularly used Waze in one of
his occasional trips because it shows the location of speed
cameras. He found it very useful especially when driving in
an unfamiliar location. He shares that this is not provided
by his in-car navigation system.
Other than those mentioned above, drivers also sought
information from social networking sites (e.g. Twitter and
Facebook) to check traffic and incident updates from their
friend networks and the pages of local transportation agen-
cies (P3, P4, P6). They access these sources to augment the
information that is not yet provided by in-car navigation
systems and navigation applications.
Information Sought. From the interviews and in-car conver-
sations, we looked into the number of times that the partic-
ipants mentioned each type of information as part of their
trip planning and navigation (Figure 1). Three participants
(age=28-29 y.o.) who have at least 5 years of continued appli-
cation usage seek at most 7 of these, while the two youngest
participants (age=20 y.o.) only check the ETA.
Drivers were mostly checking the estimated time of arrival
of the recommended routes, the roads they needed to take,
and the traffic condition as their main criteria for choosing
a recommended route to follow. Some of the drivers also
checked incident reports and updates (P4, P6) to know how
much longer they needed to wait in congested roads.
Drivers were also seeking localized and contextual infor-
mation such as transport policies (e.g. travel demand man-
agement policies, truck ban hours) and flooding (P3, P4, P8).
Common to Philippine metropolitan areas, travel demand
management policies disallow certain vehicles to use public
roads on specific time periods, and it can differ per city. P4
sought this information because hewants to know if he needs
to leave earlier than usual to avoid getting apprehended or
not use his car at all. Although some participants explicitly
shared that they do not actually seek for this information
anymore (i.e. P15, P16, P17) because they only memorized it
once and doesn’t change. However, we see this information
useful for transport network vehicle (i.e. Uber, Lyft, Grab)
drivers who take passengers to unknown destinations, across
cities. In one instance shared by P6 as he was riding an Uber,
the driver was apprehensive in crossing another city as rec-
ommended by his Waze application because the driver was
not sure whether he’s allowed or not. That city had a com-
pletely different travel demand management scheme as the
rest of Metro Manila. Lastly, P7 shared that during winter,
he is seeking local information about roads that are not too
slippery and safe to drive on, especially because the main
roads are where most cars will go.
For longer and or occasional trips, drivers were also seek-
ing information about familiar landmarks (P3, P4), good
parking spaces and local directions. While in-car naviga-
tion systems and navigation applications can provide these
information, drivers still seek the knowledge of a local person
that knows the ins and outs of an unfamiliar place.
Usage behavior. Drivers have been observed to have different
behaviors in accessing information and using these to decide
which route to take.
Before starting their daily commute trips, drivers first
check the estimated time of arrival (ETA) of the recom-
mended route. They want to have a quick overview of how
long it will take them to get to their destinations. Then,
they check their familiarity with the roads that were recom-
mended. They usually check how close it is to their regular
routes. If it is completely new to the drivers, they check the
alternative recommendations and see if their regular route is
included. They check the differences between the estimated
times of arrival and decide based on a criteria. If they are
leaving very late and or in a rush, they only check the ETA
(P4, P10).
During the trip, drivers start the turn-by-turn navigation
but only some of them chose to follow it. For example, P10
still follows her regular route to work but still keeps Waze on
to get traffic updates. However in the case of P8, she shares
that she always follows the suggested route.
When they suddenly experience slowing down due to
unexpected traffic build up, they first check what caused
it using the navigation application. If there are no reports
on the application, they sometimes check Twitter and or
Facebook (P3, P4). For alone drivers, they only get to check
this information once they are slowing down or in a complete
stop (P4, P17). But as passengers and navigators, they tend
to check why there’s a sudden slow down in traffic and try
to look for possible alternative routes (i.e. P3, P4, P6, P16,
P17).
For shorter trips to unknown locations, they only used one
tool for route guidance. For longer trips, some participants
use a mix of applications to plan and navigate. For instance,
P3 and P4 shared that they use Google Maps for planning
the trip and Waze during the actual trip. Using Google Maps,
they looked for landmarks that they can use during the trip
and familiarized themselves with the area. And then during
the actual trip, they have Waze or Google Maps turned on
from the beginning, but leave it idle. They would start to
carefully listen to the directions when they already reach a
point that they are unfamiliar with (i.e. P4, P15, P17). This
supports Patel et. al.’s findings that drivers preferred routes
that use familiar landmarks over very detailed turn-by-turn
instructions [31].
In some trips, they switched to another application be-
cause of unreliable or missing information. For example in
P12’s trip, they stopped following the in-car navigation be-
cause its map is not updated with the new roads. They then
switched to Waze.
Route Choice
Figure 2: The factors considered for route choice and the
number of trips that used them when they chose their own
or a recommended route.
We also wanted to investigate whether our participants
chose to follow the recommended routes given by the ap-
plications and in-car navigation systems that they use. We
used the app recordings to see how they engaged with an
application before a trip. We checked if the destination and
agenda upon arrival plays a role. We also analyzed what and
how the descriptive and prescriptive information provided
were used.
After analyzing the trip recordings, we found our results
consistent with the findings of Zhu and Levinson [50], and
Tang et. al. [41]. Our 17 participants chose a route that is not
the shortest nor fastest, as computed, in at least one of their
recorded trips. At the beginning of each trip, participants
decided to use their regular routes in 28 trips (43.1%), where
the occasional non-commute and home-to-work trips each
comprised 42.9%, and 14.3% were work-to-home. On the
other hand, 37 trips (56.9%) decided to follow recommended
routes at the beginning. Majority or 59.5% of those trips
were occasional non-commute, while the work-to-home and
home-to-work trips comprised 24.3% and 16.2%, respectively.
While this contrasts the low preference of drivers for fastest
and shortest routes in Pfleging et. al.’s [33] study, this was
mainly because Waze and Google Maps do not have options
available for eco-routes while the in-car navigation systems
used does not make that option apparent to the participants.
Figure 2 shows how many trips used a which factors to
make a route choice decision. In majority or 65% of the
recorded trips, participants considered 3 factors, with fa-
miliarity as the most used factor. And while 56.9% of trips
used the recommendation at the beginning, only 21.6% chose
them because of fast ETA. This contrasts the high importance
rating of the fastest route factor in the work of Pfleging et.
al. [33].
Before starting their daily commute trips, most partici-
pants checked the estimated time of arrival (ETA) and their
familiarity with the roads in choosing a route to follow.When
they had an important agenda (e.g. meetings, parties) and
they were already running late, they chose the fastest recom-
mendation of the application without consideration of famil-
iarity (i.e. P4, P8). For P17, he always turns on the application
and follows what recommendation is given. Sometimes, he
would inspect the first few roads to decide otherwise.
When some participants were leaving early and not in
a hurry, they always compared the ETA of their regular
route with the fastest recommendation. They would chose
their regular routes over the fastest recommendation if the
time difference is negligible. For instance, P15 shared that
he would choose a new recommendation from Google Maps
when it is at least 10 minutes faster. But when it is only 2-5
minutes faster, he would still choose a familiar or his regular
route. Other participants shared that they would choose a
recommended route as long as it has less traffic congestion
(i.e. P3, P15), shorter distance (i.e. P3, P5) and straightforward
paths (i.e. P8, P14). If some parts of the recommendations
do not fit their criteria, they would make a decision to not
follow it completely and rely on their own knowledge.
For occasional non-commute trips, participants chose routes
with familiar landmarks (P3, P4), roads familiar to them (P5,
P6, P7), and routes suggested by friends living near their
destination (P8, P9). For completely new destinations, most
participants would follow the application or in-car naviga-
tion system completely.
Interestingly, some participants have other reasons for
picking a route. For example, P6 shared the he once chose
a route with a gas station along the way because they are
taking a long trip while P14 chose a route with a specific
restaurant along the way because they haven’t eaten lunch
yet. Other reasons include the need to visit convenience
stores (P6, P7) and toilets (P13), and to drop off passengers
on the way to work (P6).
Surprisingly, we also found that some participants will
open their applications but choose not to follow whatever
the application recommends, especially for commute trips.
P9 shares that "In fact, I have self-awareness that in those
moments that I know I can, I try to not [follow]." She doesn’t
want to be too dependent on the application as she feels that
"whenever there are cases that I cannot use it, I feel incapaci-
tated." Other participants like P6 shares that most of the time,
he just takes his regular route and leave Waze on because he
believes that it can learn his regular route. However, even
after some months of doing so, the application still doesn’t
give his regular route as the first recommendation. This non-
compliant and non-use behavior supports the findings of Al
Mahmud et. al. that some drivers choose not to be too reliant
on GPS devices because they know that it can make mistakes
and they still have to make their own judgments [25].
Deviations
Figure 3: The factors for deviation and the number of devia-
tions they caused.
In understanding the motivations behind the deviations,
we analyzed the videos, trip data and trip traces to see if
any were deliberate or missed turns, and whether they were
based on prior knowledge, on information from applications
or situational awareness. During the 65 trips, participants
deviated 153 times in total. They did it 39 times for home-to-
work (M=2.17, SD=5.07), 30 times for work-to-home (M=2.31,
SD=6.19), and 84 times for occasional non-commute trips
(M=2.47, SD=1.65). 38.5% of them were single deviations
made near the beginning or end of trips, while the extreme
cases (3.1%) made 14-15 deviations. However, there is no
clear connection between the types of trips and the number
of deviations made.
Comparing the estimated travel time of the recommended
routes and the actual travel times, deviating at least once
made the trips longer by an average of 3.11 minutes (N=53,
SD=12.35). When only 1 deviation was made, travel times
increased by an average of 0.13 minutes (N=25, SD=8.72),
and 1.07 minutes (N=45, SD=10.24) for up to 4 deviations. In
extreme cases of more than 5 deviations, an average increase
of 14.63 minutes (N=8, SD=17.21) was experienced. Although
none of the drivers perceived their trips to be longer nor
farther after making deviations, this shows that travel time
can get worse as more deviations are made.
Looking at trip purpose and urgency, participants made
an average of 8 deviations (N=4, SD=5.07) for non-work but
urgent trips like catching a flight or appointment, and at-
tending a gathering. When they had to arrive urgently at
work, their deviations also increased to an average of 3 devi-
ations (N=12, SD=2.26). But even in non-urgent situations,
participants also made more deviations especially when they
will only rest (N=13, M=3, SD=3.78) and do leisurely tasks
or tours (N=11, M=3, SD=2.5) at the destination. By going
through the post-collection interviews, participants revealed
various reasons why they deviate from the recommended
routes that they choose (Figure 3). In 50.98% of deviations,
more than 1 factor was cited.
Previous Experiences (1.31%). Participants were mostly
deviating from the recommended routes because of their
unfamiliarity with some of the roads. This was commonly
observed on home-to-work and work-to-home trips where
the drivers were recommended fastest routes but were not
particularly in a hurry to get to their destinations. For in-
stance, P12 was observed to follow the same path from their
hotel to a museum because that was the same path they took
when they got to their hotel the previous day. On the other
hand, P7 chose to continue on an unfamiliar part of the rec-
ommended route because "This is new to me ... but it seems
reasonable because I do not have to make a U-turn." – P7
Some participants also deviated because of their past ex-
periences with long waits on traffic lights. In one of his
non-commute trips, P4 decided to make an early left turn
from the main road, instead of going straight, because "the
next big intersection has a traffic light and I know that’s going
to take long." P6 also shares a similar practice when he is
recommended to take a main road with traffic lights on its
every intersection. "I just use the smaller road parallel to the
main road because it it doesn’t have any [traffic light] at all." –
P6
Participants also consider their negative experiences with
past recommendations. P17 shares that he deliberately de-
viates from a specific road whenever it is recommended.
"Usually, I do not take [street name] ... I opt to go with [another
street name] route. I really inspect the route given because I’m
avoiding a certain road ... I do not like [taking] [street name]
because it’s a small road, and when traffic starts, it really re-
gresses along the way. I do not want [to take] it anymore ... It
already happened before that Waze asked me to go there and I
ended up being stuck there. It happened a lot of times." – P17
Situational Awareness (33.99%). In most situations, dri-
vers were in situations wherein they have to make quick
decisions when their expectations (based on the informa-
tion that the applications and systems have provided) do not
match what they see on the roads. For instance, P6 chose not
to follow the next turn recommended by the Waze applica-
tion because the traffic condition on that road was equally
bad as the road he’s currently in. Based on perceived road
conditions, participants deviated 48.48% of the time from
recommended roads with medium traffic conditions to light
ones and always from recommended roads with heavy traffic
to medium and light ones.
P17 made a similar deviation when he was asked to take a
circuitous route through small residential roads, just to re-
turn to the road he’s currently in. He made a decision to not
follow because the traffic is already free flowing on the main
road, and not as bad as what is shown on the application.
Representing majority of trips with single deviations, partic-
ipants also deviated near the end of their trips when their
initial parking spaces were already full and they had to look
for other locations, which was consistent with the findings
of Fujino et. al. [17] and the destination problem in Brown
and Laurier’s [10]. This was also the case at the beginning
of their trips when they leave their parking spaces.
Other participants also cited instances when they were
directed to gated communities with restricted access, and
roads that were unexpectedly blocked. Because their appli-
cations were not updated with such information, they just
made a conscious decision to take another route and waited
for the application to re-route.
PerceivedDriving Suitability (26.80%). Some participants
shared that they did not feel comfortable driving through
some of the recommended roads. For instance, P7 was ob-
served to not take a shortcut suggested by the application
because "This is a kind of shortcut but this is a narrow road
and it is [a] good route for familiar drivers ... Local familiar
drivers and many local drivers tend to use this route but this is
narrow and ... it is not so good in dark situation[s]. It is very
narrow and [a] very local road ... and usually there’s no other
walkers [t]here. But if there is, it is very dangerous." P13 shares
the same sentiment when he was asked to take a narrow
back street from the hotel in one of their recorded trips. He
shared that "It’s a very small road. I do not like to drive on a
small road. We’re using a rental car, so it’s very dangerous."
Other participants shared instances when they were di-
rected to busy streets and deviated from it. P4 shared one
instance when he was recommended to a residential road
and he deviated because "... there’s so much pedestrian foot
traffic there ... there were also tricycles ... on the same road,
it’s two-way, so there were also [cars] driving on the opposite
direction [but it’s narrow] ... so you really have to give way and
wait sometimes." Despite being a more experienced driver, P7
was also observed to deviate from busy main roads especially
when going home. "this route is main road, so then I do not
have to ride on that main road just for going to my home." –
P7
Lastly, mostly female participants (P1, P5, P8, P9, P10, P14)
and P7 shared instances of deviating from recommended
roads because of poor street lighting conditions, especially
in the evening.
Practicality and Sensibility (94.12%). Participants were
also observed to follow more practical and sensible routes,
which goes against most of the recommendations of Waze.
Because it was before rush hour and there was still no traffic
congestion, P6 was observed to deviate from the recommen-
dation ofWaze to take the tolled expressway. Instead, he took
a smaller local road, running parallel to the expressway. He
argued that since he was not in a hurry, and even if he was,
he did not take the tolled expressway because there was no
traffic congestion yet. Despite having an option to avoid tolls
in the application, he did not enable it at the beginning of the
trip because he didn’t know the traffic situation until he was
near that turn. There was also no way for him to turn it on
during the trip as he was already driving. P12, P13 and P14
also showed this behavior when they were recommended
to take tolled roads, primarily because of unnecessary extra
cost when there is no traffic congestion to beat and they were
not in a rush. Aside from P14, the three are students (P12,
P13) and self-employed who earn between $500 to $1,000.
Other participants deviated because they found some rec-
ommendations farther, circuity, winding, and counterintu-
itive. It’s also in these rare cases wherein participants made
a trade off to transfer from recommended roads with light
traffic to medium and heavy traffic roads (2.65% of the time),
and from recommendedmedium traffic roads to heavy traffic
ones (6.06% of the time). For instance, P3 was recommended
to take a route that was "in terms of distance ... when I turn
right up to [name of flyover], it is really far." Instead, he took
a route that was comparatively shorter but took longer be-
cause of the traffic congestion. Similarly, P4 deviated from a
recommendation because it was almost twice as far as his
regular route. The application’s estimated time of arrival was
around 19 minutes and the regular route he took was around
15 minutes only. It seems that the application suggested the
longer route because one segment of his regular was show-
ing red in the application, meaning there is reported heavy
traffic. However, when he was already at that road segment,
he shared that "surprisingly, well not surprisingly, it was okay
... it’s like when I took that road, what I usually take, it was
okay. It was free flowing." Upon analyzing the trip recording,
we found that one reason that it was reported as heavy traffic
and avoided by the application might be the long wait at the
traffic light. But unlike the earlier scenario where P4 avoided
the traffic light, this time he didn’t because the recommen-
dation was twice as long but only shortens the travel time
by around 2 minutes, as indicated by the application.
Some participants, like P16 and P9, were observed to devi-
ate from roundabout, circuitous recommendations because
they saw that they can easily make U-turns.
Missed Turns. While most of the deviations were deliberate,
a number of them were actually missed turns due to late,
missing, complex and vague instructions. For instance, P15
shared that when he was instructed to turn right in 100
meters, he was not really sure which corner it was because
there 4 consecutive corners that were very close to each
other. He ended up missing the correct corner to turn to.
Another instance was when P9 was asked to go straight
thru an intersection, she couldn’t because there were already
concrete barriers. She shares "I was stuck on the left lane and
required to turn left because I didn’t receive instructions to stay
in the middle or right lane ... It was also difficult to cut past
the trucks on the middle lane. I stayed on the left lane."
5 DISCUSSION
While it is clear that these applications were mainly designed
and developed with the good intention of getting people
out of traffic congestion, it is evident from the results that
connected drivers do not always seek that prescriptive infor-
mation from navigation applications and in-car navigation
systems. For completely unknown destinations, their recom-
mendations made much sense and participants showed high
compliance because they do not have prior knowledge to
compare with. So they tend to rely on it rather than question
its validity. However in most cases during commute trips,
they sought traffic and route information relevant to the
ones they regularly take. A few of the participants followed
whatever is recommended (i.e. P8, P17), many followed rec-
ommendations when it matches familiar or regular routes,
while some put some constraint on their choices (i.e. P15,
P7, P4). These findings cannot be observed in Brown and
Laurier’s [10] work because they all had their participants
follow their GPS device as a condition.
Our list of route choice and deviation factors can bemapped
to Pfleging et. al.’s list except for additional stop, parking space,
restricted access and avoiding traffic lights. Compared to their
more generic factors like least stress, we expand this work
by giving more detailed factors like circuity and counter-
intuitive, which are more useful in coming up with solutions.
Surprisingly, their highly rated factor least fuel consumption
was not considered, along with no speeding traffic, only few
trucks, low curvature and well rated route, probably because
of local considerations. However, this can also be said for
factors avoid traffic lights and restricted access that only ap-
peared in our findings. However in terms of importance and
usage, familiarity and known routes were mostly considered
in 86.15% (1st) and 69.23% (2nd) of the trips, whereas in Pfleg-
ing et. al., known route and highest driving experience were
ranked low [33]. This shows that even though drivers know
there are important factors to consider, their actual use still
depends on a trip’s purpose, when the choice is being made,
and current conditions.
Drivers also seem to be exhibiting cases of the Einstellung
effect [32] wherein people are biased towards what they
already know, which supports the findings of Patel et. al. [31]
that drivers prefer personalized routes that include familiar
landmarks. We observed this when some drivers made route
choices at the beginning of some trips to follow their familiar
path even though it was longer and had a later ETA compared
to the first recommendation. This was also evident in many
deviations wherein they default back to familiar roads when
they are about to follow the recommended, yet unfamiliar
routes of the application. In the end, they were willing to
trade off shorter travel times and distances just so they can
be at ease with their navigation choices.
However, if we observe how navigation applications and
in-car navigation systems behave, despite considering traf-
fic conditions in their recommendations, they still lack the
personalization and sensibility that drivers desire. And quite
surprisingly, this caused some participants to completely
disregard the recommendation, leave the application on, and
go on their own way, hoping that it will learn what it doesn’t
know yet. But such applications do not learn routes for a
single user only. It learns and identifies the best new routes
that will be recommended for everyone. This driver behav-
ior and expectation supports Wu’s [48] finding that users
have high positive perception when recommendations are
matched with their own behavioral history rather than the
history similar users. It then raises the question of howmuch
personalization and history is needed.
Finally, it was also observed from the trip recordings that
such applications, especially Waze, aggressively recommend
and reroute to faster directions for the smallest of gains.
And for some participants (i.e. P8, P14), it can be annoying.
However, we also found some participants like P17 and P9
who completely understood how such applications work and
tend to regard such behavior in a positive way.
6 DESIGN IMPLICATIONS
Make Uncertainty Visible. Given the probabilistic and
crowd-sourced nature of information shown and used for
recommendations on modern navigation applications, there
is a tendency for traffic conditions and reports to be unreli-
able and outdated. This is due to the open problems on data
sparsity and in ensuring the integrity of collected reports
[7, 34, 44]. Because of this concern, we found that drivers
were starting to ignore these descriptive information and
rely on previous experiences, causing a number of deviations.
Although the drivers are unlikely to totally disregard their
utility, it is still important to be transparent with the nature
of the data we present to users. This can be implemented
by considering the uncertain and decaying quality of the
crowd-sourced information and try different visualization
strategies for improved decision quality. For example, Waze
consistently displays a heavily congested road in red and
after a few minutes (decay), it either disappears or changes
color based on new information. Applying our recommenda-
tion, traffic-indicator colors can slowly fade as time passes
until an updated information is ready which allows drivers to
act properly on information posted minutes ago. For this, we
can explore the implementation of value-suppressing uncer-
tainty palettes [12], and or Fernandes et. al.’s [15] dotplot or
CDF plots which was already tested in a bus transit applica-
tion. However, as navigation choices are made very quickly,
this has to be evaluated for time-critical tasks and prolonged
use. Drivers were also found to rely more on voice guidance
during trips, so developers may also consider translating
these uncertainty information to voice prompts.
Provide Real Personalization. Drivers are idiosyncratic
and yet, existing applications still show the fastest route by
default. This was evident when only 18.4% of all trips and
21.6% of those who followed recommended routes considered
a fast ETA for route choice. It is also worth noting that in
some of the trips, deviations were clustered on certain areas
because their applications assume that the drivers just missed
turns and needs to be rerouted back to the recommended
route. However, drivers were already deliberately ignoring
those, either due to a new route they chose on their own or
annoyance [25]. While it is difficult to define a concrete set
of conditions that will satisfy their needs, applications can
start by learning a driver’s mostly used routes and frequently
visited landmarks which has been proven to improve user
perception [31, 45, 48]. Future navigation applications can
show the estimated time of arrival, traffic condition and
reports on their mostly used routes so they can properly
decide whether they should take a better and new alternative
or stick with their regular. Applications may also offer a way
to detect when a driver already dislikes the recommended
route after a number of deviations, either automatically, by
subtle voice commands [36], quick touch interactions, or a
combination of these.
Currently, navigation applications know a lot of about the
spatial context of the driver. However, drivers were found
to make different route choices, and even make deviations,
depending on the type of trip, purpose, and urgency. Some
of them also shared their desire to explore scenic routes
or routes that will allow them to discover new places or
stores along the way [35]. Waze and Google Maps already
allow integration with personal calendars so that they can
make quick searches if the location of the calendar event
is already provided. They also allow certain locations to be
tagged as home and work. Future navigation applications
may maximize these information and offer drivers to define
the intent behind the trip on top of knowing the name of the
event. For example, if the driver search directions for tourist
destinations, it can infer from the locations that the driver is
sightseeing and recommend routes that are scenic and less
congested, to maximize the experience. Applications may
also use the home and work tagged locations to offer better
recommendations. For example, drivers going home may
be recommended straightforward and less stressful routes,
which support a common behavior from our findings.
Provide Local Wisdom of Close Network. In uncertain
conditions, aside from defaulting to what they are familiar
with, drivers are also found to seek information from close
friends during trip planning. Some applications already have
built-in friend networks while others allow integration with
third-party social networks. Hence, applications may offer
ways to better maximize these networks to make better rec-
ommendations like in the work of Sha et. al. [37] where they
use tweets from nearby vehicles to improve their route rec-
ommendations. They may learn the mostly used routes of a
driver’s close network of friends and prioritize them in the
recommendations. One benefit of this is that it provides a
sense of community and familiarity. When combined with
recommendations based on personal history like in hybrid
filtering, user perceptions can also improve [48]. Addition-
ally, leveraging this information allows the application to
improve its recommendations to other drivers who are also
going to the same destination.
BeMore Persuasive or an Empathetic Other. Our study
found that drivers are biased towards what they already
know [10, 31]. This was evident when 86.2% and 69.2% of
route choices at the beginning of trips mainly considered
familiarity and closeness to regular routes, respectively –
a trade off for longer distances and later ETAs. 12.4% and
37.3% of deviations where also because of unfamiliarity and
counter-intuitiveness. Following the notion of instructed ac-
tion [10], navigation applications may offer a way to engage
drivers in giving route guidance and informing with traffic
conditions and crowd-sourced reports, instead of assum-
ing they are docile actors. Antrobus et. al. [6] found that
collaborative navigation with passengers yield better route
knowledge compared to just using SatNav. Thus, applications
may offer dialogic route guidance that models collaborative
navigation with passengers. Several studies have used a vir-
tual agent [24], an affective robot [47] and even 3 robots in
multi-party conversations [21] to reduce cognitive load and
distraction. These may be explored so drivers can properly
consider options once the rationale behind the recommenda-
tions are known.
7 LIMITATIONS AND FUTUREWORK
In this study, participants mostly from the Philippines and
Japan, and this bias in the sample may have affected our re-
sults. Many of the participants also did not give a complete set
of trip recordings for us to analyze. Lastly, we acknowledge
that the recorded trips have varying origin-destination pairs
thus, controlling some variables like the unknown destina-
tion could give us clearer results. In the future, we would like
to perform simulation studies to control some variables and
gain better insights in explaining the factors that emerged
from this work. We also would like to design and test pro-
totypes that try to address the application shortcomings
identified in this work to see how they can improve the effi-
cacy and adoption of recommended optimal routes. Future
research may also investigate how we can model a driver’s
intent to deviate from intended routes.
8 CONCLUSION
As governments see potential in navigation applications to
shape travel behavior, it is crucial to understand how drivers
integrate these in their trips and assess how well the route
guidance is complied to and perceived. In this study, wemake
a first investigation of how users engage with recommender
systems enriched with probabilistic and crowd-sourced in-
formation. We echo the findings of [10, 17, 35, 41, 50] that
drivers do not always choose the fastest route. Further, we un-
covered the difference in practice, sets of information sought
and used for route choice, and how these are associated with
the type of trip, trip context, and driving situations. With
all participants making a deviation, we investigated how,
when and why they were made. We found that deviations
can happen when the recommended route has unfamiliar
roads, is impractical and nonsensical, perceived as unsuit-
able for driving, and the shown descriptive information does
not match what they see on the road. Lastly, we present
a set of recommendations to design better navigation ex-
periences. These findings and implications emphasize the
dynamic and personalization needs of drivers, and provide
further evidence that algorithmic sophistication, or less of it,
plays an important role in driver compliance and behavioral
adaptation.
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